An improved adaptive sequential nonlinear LSE with unknown inputs (ASNLSE-UI) approach was proposed to real-time-track the structural damage when it occurs for structural safety and management after emergency event. Experimental studies are presented to verify the capability of the improved ASNLSE-UI approach. A series of tests using a small-scale 3-story base-isolated building have been performed. White noise and earthquake excitations, applied to the base of the model, have been used. To simulate structural damages during the test, an innovative device is designed and manufactured to reduce the stiffness of some stories. With the measured response data of different damage scenarios, the improved ASNLSE-UI approach is used to track the variation of structural physical parameters. Besides, the unknown inputs are simultaneously identified. Experimental results demonstrate that the improved ASNLSE-UI approach is capable of tracking the variation of stiffness parameters leading to the detection of structural damages.
Introduction
One objective of the structural health monitoring system is to track the structural damage when it occurs for structural safety and management after emergency event [1, 2] . When a structural element is damaged, such as cracking or incompletion, generally the stiffness of the damaged element is reduced [3] . Hence, the structural damage can be reflected by the changes of parametric values of the damaged element. During a severe dynamic event, such as earthquake, and typhoon, a structure may be damaged, leading to the stiffness reductions of the damaged elements; thus the measured vibration data contains the information of damage events. In this regard, data analysis techniques for real-time damage tracking, based on vibration responses measured by sensors, have received considerable attention [4, 5] .
Various approaches for structural parameter identification and damage tracking have been reported [6] [7] [8] [9] [10] [11] [12] [13] . In these traditional approaches, all the external excitations should be measured by sensors. In practical applications, however, external inputs, such as seismic excitations and wind loads, may be not measured or even may be unmeasurable. Therefore, it is highly desirable to achieve parameter identification and damage tracking without using the excitation information [14, 15] .
In the area of system identification with unknown inputs, some frequency domain approaches and time domain approaches have been developed. The frequency domain approaches, such as frequency domain decomposition [16] and mode decomposition [17] , mainly concern structural modal parameters. The recognition accuracy of these approaches is high at steady state load but is negatively influenced at nonsteady state load. Furthermore, these approaches demand the reference data before damage as the baseline which may be unavailable or difficult to establish after a severe event and their ability of damage tracking is not strong during a severe event, such as a strong earthquake. The time domain approaches, such as stochastic subspace identification [18] , random decrement technique [19] , and parameter identification based on some hypothesis theories 2 Shock and Vibration [20, 21] , mainly concern structural physical parameters. Due to the differences between the assumed and actual situations, additional errors are introduced undesirably in these time domain approaches. Although the two types of approaches are capable of identifying structural parameters, they cannot simultaneously identify system unknown inputs. These unknown inputs reflect the interaction between the structure and surrounding medium and are very significant to the research of surrounding medium, such as foundation soil mass and wind, flow. Consequently, it is important to develop real-time simultaneous identification of structural damage and load techniques based on incomplete measurements.
Several approaches for simultaneous identification of structural damage and load have been proposed, such as ILS-UI [22] , statistical average [23] , weighted average correction [24] , and dynamic response sensitivity analysis [25] . However, some of these approaches can only identify constant structural parameters and load but cannot yield analytical solutions. Recently, analytical recursive solutions with adaptive damage tracking capabilities based on LSE-UI approach [26] and EKF-UI approach [27] have been derived to identify structural damage and load when the external excitations are not available. However, for practical applications of LSE-UI, only acceleration is measured, and velocity and displacement are usually obtained through numerical integrations of the acceleration data. Thus a significant numerical drift, difficult to be removed during the real-time data processing, may be introduced and magnified seriously when damage occurs. Besides, this approach only can deal with linear structures. In EKF-UI approach, due to the linearization of the state equation, the solution may not converge if the initial guesses of the parametric values are outside the region of convergence. In order to eliminate these drawbacks, a new technique, referred to as the adaptive sequential nonlinear least square estimation with unknown inputs (ASNLSE-UI) approach, has been proposed for realtime simultaneous identification of structural damage and load based on incomplete measurements [28] . Simulation results demonstrate that the ASNLSE-UI approach is capable of both tracking the variations of structural physical parameters, such as the degradation of stiffness due to structural damages, and identifying the unknown inputs [29] . Up to now, no experimental verifications have been made on the capability of the ASNLSE-UI approach to track structural damage, especially for the nonlinear hysteretic system [30] .
In this research, experimental studies are performed and presented to verify the capability of the ASNLSE-UI approach in identifying the structural damage and load simultaneously. A series of tests using a scaled 3-story baseisolated building model widely used to withstand earthquakes has been performed. The Bouc-Wen model [31] is used to represent the inelastic behavior of rubber-bearing isolators. Furthermore, a species-based quantum-behaved particle swarm optimization (SQPSO) algorithm [32] is used to improve the adaptive capability of the approach for damage tracking. Different types of excitations applied at the base of the building model have been used, including the white noise excitations, El Centro earthquake excitation, and Kobe earthquake excitation. To simulate structural damages during the test, an innovative device based on the concept of structural control is proposed to reduce the stiffness of some stories, referred to as the stiffness element device (SED) [33] . Different damage scenarios have been simulated and tested. With the measured acceleration response data, the improved ASNLSE-UI approach is used to track the variation of story stiffness and identify the unknown inputs from the base during the test. The tracking results of story stiffness are used to be compared with the ones computed based on the finite element method (FEM), and the identified unknown inputs are also used to be compared with the ones measured in the tests. The comparisons show that the ASNLSE-UI approach is capable of real-time tracking the damages of base-isolated building and identifying the unknown inputs simultaneously.
Adaptive Sequential Nonlinear LSE with Unknown Inputs (ASNLSE-UI)
The equation of motion of a m-DOF nonlinear structure can be expressed as
in which, x( ),ẋ ( ), andẍ ( ) are the displacement vector, velocity vector, and acceleration vector, respectively. M is the mass matrix. F [ẋ ( ), ] is the damping force vector.
is the stiffness force vector. f( ) and f * ( ) are the known and unknown excitations (system inputs), which are the influence matrixes and * corresponding to.
T is the unknown parametric vector of the structure, involving unknown parameters ( = 1, 2, . . . , ), such as stiffness, damping, and nonlinear hysteretic parameters, which may be time-varying and need to be tracked.
For simplicity consideration, assume that the unknown parametric vector is constant, that is, = 1 = 2 = ⋅ ⋅ ⋅ = +1 , where = ( = Δ ) for = 1, 2, . . . , + 1, and that the mass matrix M is known and constant. The masses can be considered as unknown, in which cases the unknown masses will be included in the parametric vector . Likewise, * is a null matrix if all excitations are measured, and is a null matrix if all excitations are not measured. For present investigations, the unknown quantities to be identified are the unknown parametric vector , the unmeasured excitation vector f * ( ), and the state vector X = [x T ,ẋ T ] T , including the displacement and velocity vectors. In what follows, the bold face letter represents either a vector or a matrix.
The observation equation can be obtained from (1) as follows:
where (X) is data matrix, f = f * is an unknown input vector, = * is the influence matrix of f, y = f − Mẍ ( ) is known, and is a model noise vector, respectively.
In the ASNLSE-UI approach, an extended unknown vector , at ( = Δ ) is introduced; namely, , = [ , f ] T ; thus (2) can be discretized as
X and , can be solved in two steps as follows [28] .
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Step I. Suppose that the state vector X is known. Based on (2) and (3), the general objective function, namely, the sum of the square error between the known vector y and the identified vector (X) , can be expressed by
If the number of DOFs of the structure is greater than the total number of unknown inputs and the rank of (X) is full, the LSE approach can be used to minimize the objective function given by (4) to yield the recursive LSE solution for the extended unknown vector , +1 . Then the recursive solutions for̂+ 1 andf +1| +1 (the estimates of +1 and f +1 ) are determined as follows:
in which, K , +1 (X +1 ) is the LSE gain matrix for̂+ 1 , +1 (X +1 ) is the observation matrix composed of the system response vectors, and P , +1 is the adaptation gain matrix [26] .
Step II. Since +1 and X +1 are interrelated, the estimatê +1 is a function of the unknown state vector +1 ; that is,̂+ 1 =̂+ 1 (X +1 ). It follows from (4) that the general objective function should be expressed as
And the unknown state vector X +1 will be estimated by further minimizing the general objective function of (10). Since (10) is highly nonlinear in unknown state vector X +1 , the recursive solutions forX +1| +1 (the estimate of X +1 ) are derived as follows:
where
In (16), and are parameters used in the Newmarkmethod (usually = 0.25, = 0.5), and I represents a unit matrix. As is shown,̂+ 1 ,f +1| +1 andX +1| +1 are interrelated with one another, usuallyX +1| +1 is acceptable if̂+ 1 and f +1| +1 are accurate. Consequently, only the identified results of̂+ 1 andf +1| +1 are presented for comparisons.
In (7) and (9), based on the adaptive tracking technique proposed in [28] , the adaptive factor matrix Λ +1 can be implemented to identify time-varying parameters of the structures for detecting the damages. In [28] , the optimal solution for the adaptive factor matrix Λ +1 is searched by the function "CONSTR" or "fmincon" in MATLAB based on the constrained optimization. Since this function may cause the complex solution leading to the failure in program process or the divergence of the identified result, therefore, based on the constrained optimization, a process of solving Λ +1 is attempted by using genetic algorithm to overcome the drawbacks. Unfortunately, the method is likely to converge to a local optimum, besides, its convergence speed is low [34] . To improve the convergence characteristics, a species-based quantum-behaved particle swarm optimization (SQPSO) algorithm [32] is used for the process of solving Λ +1 based on the constrained optimization. Details are given as follows:
in which ‖⋅‖ is the norm of a matrix, is a small positive constant (e.g., = 10 −2 ), and 2 +1 is the model noises that could be estimated through the signal information. This approach is referred to as the improved adaptive sequential nonlinear least square estimation with unknown inputs (ASNLSE-UI). To initiate the recursive solution, the initial values for the unknown parametric vector , the unmeasured excitation vector f * ( ), and the unknown state vector
T should be assumed. Likewise, the initial gain matrixes P 0 for the parametric vector and P 0|0 for the state vector should be assigned.
Experimental Studies

Experimental Setup.
The small-scale base-isolated building model, which consists of a base-isolation layer and a three-story building, as shown in Figure 1 , is used for the experiment. The 400 mm by 300 mm building mounted on the 600 mm by 500 mm base-isolation layer, made up of 8 circular rubber-bearings (GZN110) with a diameter of Two types of external excitations will be used, including the white noise excitation with different amplitudes and earthquake excitations including El Centro earthquake excitation and Kobe earthquake excitation. For all the external excitations, the base-isolated building model is placed on the shaking table (ETS GT1200 M) which is used to simulate different kinds of base excitations by the vibration controller (UCON VT-9008). During the tests, each story is installed with one acceleration sensor (PCB 3701G3FA3G) to measure the vibration responses by data acquisition system (NI PXI 4472B). The sampling frequency is 1000 Hz for all measurements.
Stiffness Element Device (SED).
The damage in a story unit is assumed to be reflected by the reduction of its stiffness. To simulate the reductions of the stiffness in a selected story unit, say th story, a stiffness element device (SED) with an effective stiffness of ℎ will be installed in the th story unit, so that the stiffness of the th story unit is increased by ℎ . During the experimental test, the effective stiffness of the SED is reduced to zero to simulate the reduction of the stiffness in the th story unit due to damages. The innovative concept for the SED is motivated by the so-called resettable semiactive stiffness dampers [35] .
Consider a device consisting of a hydraulic cylinderpiston (HCP) system with one valve on each side of the piston as shown in Figure 2 . With both valves being closed, the cylinder is filled with pressurized gas. Hence, the HCP serves as a stiffness element in which the stiffness is provided by the bulk modulus of the pressurized gas in the cylinder. When both valves are open, the piston is free to move and the stiffness of the HCP becomes zero. For simulating the stiffness reduction in a selected story unit, the HCP is connected to a bracing system and installed in the selected story unit as shown in Figure 3 (a). In Figure 3 (a), the HCP is fixed to the bracing system in the second and third story, and the piston is connected to the second and third floor. Hence, the HCP and the bracing system are connected in series. The entire system, consisting of the HCP and the bracing system, is referred to as the stiffness element device.
Suppose the stiffness of the HCP is denoted by and that of the bracing system in the th story is denoted by . Then, the effective stiffness of the entire SED, denoted by ℎ , is given by
In this experimental setup, the stiffness of the bracing system is much bigger than that of the HCP; that is, ≫ ( is about three orders of magnitude bigger than ). Hence, the effective stiffness of the entire SED, consisting of the HCP and the bracing system, is approximately equal to that of the HCP; that is, ℎ = . With the installation of the SED in the second or third story as shown in Figure 3(a) , the stiffness of the second or third story is increased by ℎ .
The stiffness of the HCP, , depends on the magnitude of the gas pressure in the cylinder. It has been demonstrated that is linearly proportional to the gas pressure 0 [33] ; that is, where is a constant depending on the dimension of the cylinder and the property of the fluid or gas. Consequently, the desirable effective stiffness, ℎ , of the SED can be achieved by adjusting the gas pressure 0 in the cylinder.
To simulate the reduction of stiffness in the th story, a SED system is installed in the th story, so that the stiffness of the th story is increased by ℎ = . During the test, two valves of the SED are open simultaneously at the time instant, , so that ℎ becomes zero, thus reducing the stiffness of the th story by an amount of at = . Based on (19) , the selection of the gas pressure, 0 , depends on the magnitude of the stiffness, ℎ , to be reduced in the th story unit. The installation of a SED system in the second story of the test specimen is shown in Figure 3(b) .
Analytical Model for Base-Isolated Building.
To identify the parameters and loads of base-isolated building model using the ASNLSE-UI approach, a suitable analytical model should be built, especially for the rubber-bearing isolators. Several hysteretic models for describing the dynamic behavior of rubber-bearings have been proposed in [31, [36] [37] [38] . The determination of a proper model for the rubberbearing is usually based on the deformation-restoring force characteristic obtained from static or dynamic experiments. However, the determination of an appropriate model for the base isolation system using actual response data is important in civil engineering applications. To date, no single model has proven satisfactory for all hysteretic systems for one reason or another. For rubber-bearing isolators, the BoucWen model seems to be quite reasonable to delineate the dynamic characteristics of the nonlinear hysteretic vibration isolation system [31, 36] . Some static and dynamic testing results of this base-isolation layer used in this research can be found elsewhere [39, 40] . The motion equation of the baseisolated structure can be expressed as
in which, is the relative displacement, 1 = 1 ( 1 ,̇1) is the nonlinear hysteretic restoring force, and ( = 2, 3, 4) contains damping force and stiffness force. The Boun-Wen model is used for 1 = 1 ( 1 ,̇1) aṡ1 =̇1( 1 ,̇1), in which , , and are hysteretic parameters that and are basic hysteresis shape control and is sharpness of yielding. According to the experimental results, hysteretic parameter is considered to be 2 for the smooth hysteresis loops, so = 2 is adopted to reduce computational efforts [40] . For rubberbearings + = 1 has been demonstrated. Furthermore, = 0.5 and = 0. 
Also, based on a third-order corrector method [41] ,̂, can be expressed through the estimated data as follows:
The data matrix can be easily obtained by using (20) and (22) . Then (3) can be constructed. Finally, based on the accelerator responses, analytical model for base-isolated building, and ASNLSE-UI approach, the damage tracking and the unknown load identification can be carried out effectively.
Results and Discussions
To demonstrate the capability of the ASNLSE-UI approach for parametric and load identifications and real-time damage tracking of base-isolated structures, a scaled 3-story base-isolated building model subject to different types of excitations, applied to the base of the model driven by shake table with different damage scenarios of the structures, is considered experimentally. A band-limited white noise excitation in the frequency range of 1-20 Hz with a peak ground acceleration (PGA) of 0.22 g, shown in Figure 4(a) , is used to drive the shake table as a preexperiment for ensuring that the nonlinear behavior of the base-isolated building actually takes place even under the circumstance Figure 5 .
Based on the acceleration responses shown in Figure 5 , the equation of motion for analytical base-isolated building model in (20) and the ASNLSE-UI approach, the unknown parameters, including the stiffness and damping of all stories, that is, and ( = 1, 2, 3, 4) , and the hysteretic information of the first story (base-isolation layer), of which the nonlinear hysteretic characteristic is described by the Bouc-Wen model, that is, and , as well as the unknown load̈0, can be identified by using the recursive solution, (5)- (9) and (11)- (16) . For the ASNLSE-UI recursive solution described previously, the following initial values are assumed: (i) the initial values for and are 0 = 40kN/m and 0 = 0.1 kNs/m ( = 1, 2, 3, 4); (ii) the initial values for and are = 0.1 and = 0.1; (iii) the initial values for the displacements and velocities are zero; that is, x = 0,ẋ = 0; (iv) the initial matrixes for P 0 and P 0|0 are P 0 = 10 5 I 10 , P 0|0 = I 8 , respectively, where I is a ( × ) unit matrix. In all the experimental studies to be presented later, the same initial values will be used.
Based on the ASNLSE-UI recursive solution along with analytical model for base-isolated building and the measured data shown in Figure 5 , the identified quantities are presented in Figure 6 denoted by solid curves. The dashed curves represent the reference parameters obtained by FEM for the stiffness and experiments for the hysteretic parameters in Figure 6(a) , and the measured base acceleration in Figure 6 (b). In Figure 6 , the solid curves almost coincide with the dashed curves, indicating that the accuracy of the ASNLSE-UI approach is good. The difference between the solid and dashed curves is expected due to the structural uncertainty of the test model, including the shearbeam assumption. Figure 6 (a) clearly demonstrates that the ASNLSE-UI approach is capable of tracking the variation of stiffness parameters, leading to the detection of structural damages. Likewise, the ASNLSE-UI predictions for the unknown excitation are also good.
Case 2: Single Damage in Third Story (White Noise Excitation).
In this test, a band-limited white noise excitation in the frequency range of 1.9-25 Hz with PGA of 0.44 g is used and single damage in third story is simulated. The HCP in third story is filled with air at a pressure of 0.45 MPa, so that the effective stiffness of the corresponding SED is 4.5 kN/m. Thus, the stiffness of the third story is k 3 = 46.1 kN/m + 4.5 kN/m = 50.6 kN/m, whereas the stiffness of other three stories is 1 = 50.9 kN/m, 2 = 45.9 kN/m and 4 = 55.4 kN/m. During the test, both valves of the HCP are closed at the beginning and are opened simultaneously at = 15 s, so that the stiffness of the third story reduces abruptly from 50.6 kN/m to 46.1 kN/m at = 15 s. The acceleration responses of all stories, 1 , 2 , 3 and 4 , are measured and presented in Figure 7 .
Similarly, based on the experimental data shown in Figure 7 and the ASNLSE-UI approach, the unknown quantities are identified. The identified quantities and the reference ones are presented in Figure 8 . It is seen that they agree well each other. In Case 2, the place and the severity of single damage are different from that in Case 1. The intensity of the white noise excitation in Case 2 is far greater than that in Case 1, so the level of experimental noise is much higher than that in Case 1. Besides, the strong excitation may lead to some unexpected slight swing in the test due to the character of the base-isolated building model. The swing also introduces some noise into the system. Consequently, the differences between identified results and referenced ones in Case 2 are a little larger than that in Case 1 but the results are acceptable. Based on the results of Case 1 and Case 2, it may be concluded that the ASNLSE-UI predictions are quite reasonable. 
Case 3: Damages in Second and Third Stories (El Centro Earthquake Excitation).
In this test, El Centro earthquake excitation, of which the energy distribution is uniform, is used and damages in second and third story are simulated. Due to the limitation of the shake table, a high-pass filtering process is conducted, resulting in the fact that the actual excitation in the frequency range of 1.5-5 Hz with PGA of 0.32 g is slightly different but very close to the original El Centro earthquake signal. The filtered El Centro earthquake excitation is actually used as the unknown input to the test. 3 , and 4 , are measured and presented in Figure 9 . Similarly, based on the experimental data shown in Figure 9 and the ASNLSE-UI approach, the unknown quantities are identified. The identified quantities and the reference ones are shown in Figure 10 . It is seen that they agree well with each other. In Case 3, two damages occur at the same time in different places with different severities. The identified results illustrate that the adaptive technique is able to track the multi-time-varying parameters effectively without influence on other constant parameters and is less sensitive to noise. It is observed form Figure 10 that the ASNLSE-UI predictions are effective even under the earthquake excitation for the complex multidamage tracking.
Case 4: Damages in Second and Third Stories (Kobe Earthquake Excitation).
In this test, Kobe earthquake excitation, of which the energy distribution is high in short time, is used and damages in second and third story are simulated. Due to the limitation of the shake table, a high-pass filtering process is conducted. The filtered Kobe earthquake excitation in the frequency range of 1.8-3 Hz with PGA of 0.28 g, which retains the original characteristics of Kobe earthquake signal, is actually used as the unknown input to the test. The HCPs and SEDs configurations are similar to that of Case 3, so the stiffness conditions of each story are the same as the ones in The acceleration responses of all stories, 1 , 2 , 3 , and 4 , are measured and presented in Figure 11 .
Based on the experimental data shown in Figure 11 and the ASNLSE-UI approach, the unknown quantities are identified. The identified quantities and the reference ones are presented in Figure 12 . It is seen that they agree well each other. In Case 4, the place and the severity of the damages approximate the real situation that a base-isolated building suffers from Kobe earthquake excitation. Again, Figure 12 demonstrates that the ASNLSE-UI predictions are quite reasonable, and the trend of predictions is consistent with that of all other three cases.
The theoretical and experimental studies show that the test results are consistent and reasonable for the four typical cases. The discrepancies between the identified results and the referenced ones may be due to the structural uncertainties of the test model, the Boun-Wen model simplification for reducing computational effort, and the uncertainty of the shear-beam model used in the ASNLSE-UI analysis. In particular, the masses of columns are not distributed to the stories in the analysis model. Besides, the convergence of the solutions should be faster when higher sampling frequency is used due to the use of Newmark-method. Consequently, more accurate models, higher sampling frequency, and lower noises would have reduced the discrepancies between the identified results and the true values and thus eliminated damage misjudgments. It should be mentioned that the discrepancies are acceptable in practical applications, as can be seen from Table 1 , and the improved ASNLSE-UI approach is capable of tracking the damages of base-isolated building.
Conclusion
In this research, the recently proposed approach, the adaptive sequential nonlinear least square estimation with unknown inputs, has been developed along with Bouc-Wen model representing the nonlinear hysteretic behavior and species-based quantum-behaved particle swarm optimization achieving the adaptive tracking for the health monitoring of nonlinear hysteretic system. Experimental studies have been performed to verify the capability of the proposed approach in realtime tracking the structural damage and simultaneously identifying the unknown input. A series of experiments have been performed on a scaled 3-story base-isolated building model. To simulate the structural damage during the test, an innovative stiffness element device has been proposed to reduce the stiffness of some building stories. Different damage scenarios under different loading conditions, including white noise excitations and typical earthquake excitations, have been simulated and tested. Measured acceleration response data and the ASNLSE-UI approach have been used to track the variation of the parameters in different stories as well as to identify the unknown load during the test. The identified results correlate reasonably well with the reference ones. Experimental studies demonstrate that the ASNLSE-UI approach is capable of real-time tracking the damages of base-isolated building and simultaneously identifying the unknown inputs. 
